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ABSTRACT

Carbon intensity forecasting of power grids is critical to the opti-
mization of demand-side consumers. Recently, cross-border power
grids have emerged, i.e., those allowing electricity to be transmit-
ted across different national transmission systems. Cross-border
power grids substantially increase the sharing of highly variable
renewable energy sources (VRE), leading to greater economic ben-
efits and increased reliability. In Europe, the total volume of cross-
border electricity that is exchanged comprises 13% of the annual
net electricity that is generated. Current studies on carbon intensity
forecasting, however, apply to individual regional power grids. In
cross-border grids, the carbon intensity of a regional grid depends
not only on that of its own electricity but also on the carbon inten-
sity from the electricity exchanged with cross-border grids. Thus, if
the cross-border electricity exchange is not captured appropriately,
significant forecasting errors can occur.

In this paper, we formulate a new Carbon Intensity Forecasting
for Cross-border Grids (CFCG) problem by proposing and integrat-
ing carbon flows generated by cross-border electricity exchanges.
The challenge is to capture the complex spatial and temporal de-
pendencies that are involved. We propose a CFCG model based
on a Graph Neural Network (GNN) submodel to learn the spatial
dependencies and a Long Short Term Memory (LSTM) submodel
to learn the temporal dependencies. We evaluate the CFCG model
using real-world data from the cross-border power grids in Europe
involving 28 member countries. We compare five baseline mod-
els. Our results show that the CFCG model achieves an average
improvement of 26.46% or 20.34% as compared to state-of-the-art
forecasting models based on regional grids or one-hop neighbor
grids, respectively.
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1 INTRODUCTION

Global warming is attracting increasing attention in recent years
[32, 38, 42]. Carbon emissions are a major factor in global warming
[24]. Carbon emissions by the power sector increased by 700 Mt
in 2021, accounting for 46% of the global increase [17]. There is a
need for electricity generators and consumers alike to reduce their
carbon usage.

Forecasting the carbon intensity of the electricity supplied by a
power grid is critical in the optimization of demand-side consumers.
Recently, cross-border power grids have emerged, i.e., those allowing
electricity to be transmitted across the transmission systems of
different countries. Cross-border power grids substantially increase
the sharing of highly variable renewable energy sources (VRE),
leading to greater economic benefits and increased reliability. In Eu-
rope, the total volume of cross-border electricity that is exchanged
comprised 13% of the annual net electricity that is generated.

Current studies on carbon intensity forecasting apply to individ-
ual regional power grids. Forecasting models, e.g., Long Short Term
Memory (LSTM), are trained on the historical data on the carbon
intensity of a local regional grid, or in some recent studies on the
carbon intensity of the one-hop neighbor grids is considered. In
the context of cross-border power grids, when a consumer uses
the electricity of a local grid, the carbon intensity of a local grid
depends not only on that of the electricity of the local grid but also
on the carbon intensity from the electricity exchanged with cross-
border grids. For example, the carbon intensity of the local grids
of Switzerland is small, yet, Switzerland imports electricity from
Germany, Austria, Italy, and France. As such, carbon emissions are
involved in the electricity supplied to consumers.

Clearly, if the cross-border electricity exchanges are ignored,
significant forecasting errors can occur. We also observe that even
if we estimate the carbon intensity using cross-border grids and
then perform forecasting based on LSTM, non-trivial errors can still
occur. Intrinsically, the historical trends in cross-border grids and
the electricity that is exchanged in accordance with geographical
topologies are dynamic and correlated across diverse granularities.
It is, therefore, challenging to capture such correlations.

In this paper, we present a holistic study by formulating a new
Carbon Intensity Forecasting for Cross-border Power Grids (CFCG)
problem. In this problem, we propose cross-border carbon flows,
and such flows form a carbon network. The challenge is to learn
the complex spatial and temporal dependencies that are involved.
We propose a new CFCG model based on Graph Neural Networks
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(GNN) and LSTM.! Our model has three features: (1) the carbon
intensity variation shows periodic patterns in multiple levels of
granularity, e.g., hourly, daily, and weekly. To capture the patterns
across various granularities, we develop a multi-periodic pattern
encoding scheme to transform the original carbon intensity se-
quence data into data with different periodic granularity settings
(e.g., hourly, daily, weekly); (2) Cross-border power grids have car-
bon flows with spatial dependencies. Thus, in our CFCG model, we
develop and integrate a GNN-based submodel (i.e., GNN layers) to
learn the spatial dependencies; (3) Carbon flows have time depen-
dencies. Thus, in our CFCG model, we develop and integrate an
LSTM-based submodel (i.e., LSTM layers) to uncover the temporal
dependencies. Finally, to fuse different granularities, we generate
the forecasting results using a Hadamard product.

We evaluate our model using the real-world dataset of the cross-
border power grids of 28 countries in Europe. We evaluate CFCG
with four state-of-the-art baseline schemes, including schemes us-
ing carbon intensity data from regional grids only, using data with
one-hop neighbor grids. We also implement a forecasting scheme
in which we apply the carbon intensity data of cross-border grids
and we enhance it with forecasting capability by directly training
an LSTM model; and we then compare CFCG to this model. Our
evaluations show that our model can achieve an improvement of
26.46% and 20.34% as compared to two state-of-the-art schemes
using regional grids or one-hop neighbor grids, respectively. As
compared to a simple application of cross-border grids, we still see
an improvement of 15.83%.

The contributions of the paper can be summarized as follows:

e We present a new study of carbon intensity forecasting in the
context of cross-border power grids. We carefully analyze the
literature and formulate a new carbon intensity forecasting
problem, CFCG.

e We propose a CFCG model based on GNN and LSTM, where
CFCG can uncover both spatial and temporal dependencies.

e We present an evaluation of CFCG using real-world data
from the cross-border power grids of Europe, involving 28
countries. Our evaluation shows that CFCG outperforms
state-of-the-art schemes, and that for certain countries, the
improvement can be significant.

The remaining part of the paper proceeds as follows. In Section
2, we present the background on cross-border power grids, carbon
emissions, and carbon intensity forecasting. We carefully analyze
the related work and position our work in the literature. In Section 3,
we present the problems of existing studies, and the need for a new
study. This motivates our work. We formally formulate our CFCG
problem in Section 4, and develop our solution model in Section 5.
In Section 6, we evaluate our CFCG model, and we conclude our
paper in Section 7.

2 BACKGROUND AND RELATED WORK

2.1 Cross-boarder Power Grids

Cross-border power grids [12, 26, 45] link two or more power grid
systems, and allow electricity to be transmitted over larger areas

1We make our codes available: https://github.com/stuabc/CFCG
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across borders. There are three prominent advantages to cross-
border power girds.

First, cross-border power grids help market participants to bene-
fit from economies of scale on both the supply and demand sides.
Larger generators can be operated to serve more consumers.

Second, cross-border power grids are diverse in terms of both
supply and demand. This improves the security of the grids. For
example, cross-border power grids can meet the peak demands with
relatively fewer resources [25, 33].

Third, and increasingly important, is the environmental ben-
efits of cross-border power grids. Cross-border power grids can
integrate more variable renewables. On the one hand, they allow
operators to leverage weather patterns across larger spaces. On the
other hand, cross-border grids make it easier to balance the local
variable renewable energy, as it can access greater supplies as well
as additional pools of demands [5, 7].

Cross-border power grids are operated by joint operators. For
example, the European Network of Transmission System Operators
for Energy (ENTSO-E) operates the European cross-border power
grids [41]. It was created to enhance cooperation between national
power grid operators in Europe. The European cross-border power
grids have expanded dramatically during over past years. According
to the latest ENTSO-E statistic report [9], the volume of electricity
that was exchanged was approximately 467TWh, comprising 13%
of the net electricity that was generated. In 2022, 12 new borders re-
ceived their first electric connectivity, joining 80 European borders
[10]. Nine of the ENTSO-E member countries imported more than
50% of their total yearly electricity from their neighbors. Nearly
50% percent of the ENTSO-E member states imports and exports
more than 20% of their domestic electricity generation from the
cross-border power grid [14].

The intrinsic difference of a cross-border grid brings about as
compared to a regional grid is that the carbon intensity borne by
the grids involved a cross-border grid is calculated to reflect their
state-level carbon intensity. Therefore, carbon intensity forecasting
should carry this information.

2.2 Carbon Emission and Carbon Intensity
Forecasting

In electricity generation, carbon emissions result from burning fuels
in power plants. There are two types of carbon emissions [21]:
(1) direct emissions, i.e., the operational carbon emissions that
occur when the fuel is converted into electricity and (2) life-cycle
emissions, which can be determined using methods of assessing
life cycles [4, 16, 39].

The carbon emission factor (in g/kWh) is the quantity of carbon
emitted per unit of electricity produced by a specific energy source
(e.g., coal, wind, solar). Calculating the carbon emission factor is
complex work and is beyond the scope of this paper. We take carbon
emission factors as inputs. Table 1 shows the carbon emission
factors for both direct emissions and life-cycle emissions [21]. The
carbon intensity of a power grid is the carbon emission rate (in
g/kWh) of this power grid, i.e., the total amount of carbon emitted
(Gram) as against the electricity generated (Kilowatt-Hour). This
can be calculated by the energy sources used in this power grid
and the carbon emission factor of the energy sources. As compared
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to the sheer amount of carbon emissions, carbon intensity is more
commonly used as an index in making optimization decisions.
Carbon intensity forecasting aims to predict the carbon intensity
of the electricity supplied by a power grid for a period of time in the
future. It is useful for demand-side optimization, e.g., demand-side
systems can switch their workloads to use electricity at a time that
is "greener." For example, algorithms have been developed for smart
home systems to enable the workloads of household appliances
to be scheduled based on carbon intensity forecasting to reduce
their carbon emissions [29]. Cloud computing schedules have been
developed to distribute the workloads according to the carbon
intensity at different times and places [28, 44]. In [3], deep learning
model training schedules are based on carbon intensity forecasting.

2.3 Related Work

Estimating the Carbon intensity of a corporate entity has become an
important problem with the increasing concerns over carbon emis-
sions. Carbon intensity cannot be directly measured, but there are
many ways to estimate carbon intensity. Below is a categorization
of the related work. A summary is given in Table 2.

The related work can be grouped under the headings of generation-
based carbon intensity estimation and consumption-based carbon
intensity estimation. This follows the Greenhouse Gas (GHG) pro-
tocol [34] where the carbon emissions of a corporate entity are
distinguished into (1) Scope 1, the emissions associated with the
electricity generation of a corporate entity, e.g., burning fuels and
(2) Scope 2, the emissions associated with the electricity consumed
by a corporate entity [13]. 2 Generation-based estimation focuses
on the calibration of carbon emission factors [23]. In particular, [39]
calibrates the factors at an individual country level.

Our paper falls under the heading of consumption-based carbon
intensity estimation. Consumption-based estimation can differ from
generation-based estimation since a corporate entity, as an elec-
tricity consumer, can consume electricity generated from different
power grids, e.g., through delivery by cross-border grids.

Research into consumption-based estimation can be further di-
vided into carbon intensity accounting [36], i.e., to estimate the
carbon intensity at a particular point in history or at the current
time; and carbon intensity forecasting, i.e., to estimate the carbon
intensity at a future time. Intrinsically, carbon intensity accounting
is about trying to accurately estimate the ground truth; thus, it is
useful for guiding financial investments, informing policy-making
decisions, and measuring compliance with regulations [22]. The
carbon intensity accounting of an individual regional grid is equiv-
alent to generation-based carbon intensity estimation. To measure
both the carbon generated in a regional grid and the carbon in-
jected from networked grids, three recent schemes were developed
[27, 31, 36]. All of these schemes calculate the injected carbon based
on a proportional sharing principle, i.e., an equal distribution of
the inflows. The difference is that (1) two schemes (direct coupling
schemes) [27, 36] assume that each grid in the grid network is cou-
pled with all other grids, with a difference in a weighting factor;
and (2) one scheme (an aggregate coupling scheme) [31] assumes

2In GHG, there is a Scope 3, which includes all other emissions that occur in the
upstream and downstream activities of a corporate entity. It is less related to this paper,
and we do not discuss this category.
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that the grid will firstly serve its own country, with the residual
electricity available for use by other countries.

Our paper is about carbon intensity forecasting. As discussed,
carbon intensity forecasting involves trying to accurately estimate
carbon intensity at a future time; thus is useful for making decisions
about demand-side optimization. Carbon intensity forecasting re-
quires historical data on carbon intensity data and takes carbon
intensity accounting as a building block for the ground truths. The
technical difference between carbon intensity accounting and car-
bon intensity forecasting is that accounting is designed to calculate
the ground truth at a point in history (or current) time; thus, the
calculation uses the data in the same time slot. For forecasting, learn-
ing methods should be developed to learn the correlation within
historical data across various time granularities.

There are carbon intensity forecasting schemes. Lowry, G. [19]
proposed an algorithm to forecast the day-ahead carbon intensity
of the power grids of the UK. Additional information was used to
improve the forecasting results. For example, weather data were
leveraged in [18] to forecast the carbon intensity of the power grids
in Denmark. Recently, a scheme [21] developed a deep neural net-
work (DNN) model for each energy source, e.g., coal, oil, solar, etc.,
and the carbon intensity forecasting of a regional grid is calculated
by the average carbon intensity of all energy sources. Another study
[20] focuses on multi-day carbon intensity forecasting, developing
a hierarchical DNN model. As exchanges of electricity take place
among cross-border grids, the carbon intensity of one-hop neigh-
boring grids was considered in [18, 29] to improve the forecasting
results. More specifically, the carbon intensity accounting takes
one-hop neighbor grids into account when constructing historical
and current carbon intensity data. Then, an LSTM model [29] or
a hybrid model with linear regression, splines, and ARIMA [18]
is used for forecasting. To the best of our knowledge, no existing
study takes into consideration the electricity that is exchanged at
the level of cross-border power grids. This paper fills in this gap.

We note that several commercial companies provide carbon in-
tensity estimation services, e.g., ElectricityMap [35], Watttime [43].
Unfortunately, their models and data are not publically available.

3 MOTIVATION

In this section, we first show that carbon intensity accounting only
using one-hop neighbor grids can deviate significantly from the
ground truth with the full network of a cross-border grid. We then
show that it is non-trivial to capture spatial information. More
specifically, when applying an LSTM model to a state-of-the-art
carbon intensity accounting scheme that takes into account the full
networked grids, non-trivial forecasting errors can still occur.

We use the open data from ENSTON [37], which contains the
electricity data of the power grids of 28 European countries from
January 2019 to December 2021. Fig. 1 shows that the results of
carbon intensity accounting when one-hop neighbor grids are used
deviate from those when full networked grids are used. More specif-
ically, we observe that 14 out of 28 countries have an error rate of
20% or higher and that 19 countries have an error rate of 10% or
higher. The deviation can be significant in certain countries. For
example, the carbon intensity of Sweden is 139.25g/kWh when we
consider one-hop neighbor grids, yet it is 54.69g/kWh when we
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Table 1: Carbon emission factors (g/kWh) for different energy source

Emission factors Oil | Coal | Natural gas | Nuclear | Wind | Solar | Hydro | Geothermal | Biomass | Other
Direct emissions 406 | 760 370 0 0 0 0 0 0 575
Life-cycle emissions | 650 | 820 | 490 12 11 45 24 38 230 700
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Figure 1: The countries with
an accounting error over 10%.

Table 2: Research summary on Carbon Intensity Estimation

Generation-based Consumption-based
Carbon Intensity Estimation Carbon Intensity Estimation
Carbon Intensity
Accounting (27](31] [36]
[1] [2] [8] Carbon Intensity Regional grx.ds ] [6] [19][20][21]
Forecastin One-hop neighbor grids | [18][29]
e Cross-border grids CFCG

consider full networked grids, a difference of 165.67%. When we
look into the data, we observe that Denmark, a one-hop neighbor
grid of Sweden has high carbon intensity in its electricity, leading to
a high carbon intensity when considering one-hop neighbor grids.

We then study whether a simple carbon intensity forecasting
scheme based on carbon intensity accounting with networked grids
can have good performance. We apply the state-of-the-art Carbon
intensity ACCounting scheme [36] (we call it CACC in this paper)
and we enhance it with forecasting capability by training an LSTM
model using the historical carbon intensity data of CACC. In this
paper, we call this approach CACC-LSTM.? We divide the ENSTON
data into training data (60%), validation data (20%), and testing data
(20%). We show the carbon intensity (g/KWh) in the first week of
the testing data, i.e., February 9th 2021 to February 15" 2021.

We easily find that the forecasting results of a number of coun-
tries display non-trivial errors. Fig. 2 shows the results of the CACC-
LSTM of France, Latvia, and Norway, where the errors are 12.12%,
16.69%, and 21.11%, respectively. As was explained, CACC was de-
signed to calculate the carbon intensity at a point of time in history
(or currently) time using the data of the same time slot. As such,
CACC-LSTM lacks the ability to fully capture the dynamics and cor-
relation across diverse granularities, e.g., hourly, daily, and weekly.
Overall, there are challenges to capturing the correlations across
diverse granularity periods, to capturing both spatial and temporal
correlations, and to fusing models if submodels are needed. This mo-
tivated us to present a holistic study by formulating a new problem
and developing a new forecasting model.

3CACC-LSTM is intrinsically equivalent to enhancing [29] where we extend its carbon
intensity accounting from one-hop neighbor grids to networked grids.
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Figure 2: The forecasting performance of CACC-LSTM

4 PROBLEM STATEMENT

4.1 Carbon Network Modeling

Let i and j be two power grids. The electricity flow fij.(t) is the
total amount of electricity transmitted from i to j during a period
of time starting at t. In practice, the time period is one hour. Let
E;(t) be the electricity generated by power grid i at time ¢. This
electricity is an aggregation of the electricity generated by different
energy sources, e.g., Oil, Coal, Wind, Biomass, etc. Let S be the set
of energy sources and S = |S|. Let Ef?(t) be the electricity generated
by source k at power grid i. Clearly E; () = Yes Eﬁ“(t).

As was mentioned, different energy sources are used to generate
electricity, and the carbon emitted by each type of energy source
differs. Let ef k be the carbon emission factor of an energy source
k. In this paper, we take this carbon emission factor as a constant
for a specific energy source [21]. For example, the carbon emission
factor of Oil is 406g/kWh and the carbon emission factor of Wind
is 0. We show the most common energy sources used to generate
electricity and their carbon emission factor in Table 1.

At a specific time ¢, a power grid i generates electricity using
different energy sources: this is because the amount of certain
energy sources change at different times, e.g., solar, wind, etc. This
leads to dynamic carbon emissions at different times. Let carbon
intensity ci(t) be the ratio of the total carbon emissions as against
the total electricity generated. Specifically,

Skes ef* x EX (1) )
E(t)

Note that carbon intensity cannot be directly measured. It is
calculated using Eq. 1.

In practice, two grids can exchange electricity when they have
connecting lines for electricity transmissions. We call them neigh-
boring grids. Note that when a grid i receives electricity flow ij’.
from grid j, i also bears the carbon generated by this electricity
flow. We call this carbon flow. Intuitively, we can think that the
carbon emission "flows" from grid i to j. Let carbon flow flj(t) be

the total amount of carbon generated by the electricity flow 5. (1)

ci(t) =

at time ¢. More specifically, this is the amount of carbon associated
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with the electricity generated by grid i and transmitted to grid j at
t. l.j.(t) =f5.(t) X cij(t).

Below, we formally present the carbon network modeling for-
mally in the following. For clarity, we summarize key notations in
Table 3.

Table 3: Notations and Descriptions.

Notations Descriptions
G=(V,EA) Directed graph representing carbon network
cij(t) Carbon intensity of power grid i at time ¢

ci(r) = {cij(t)} e RV
CI = {ci(0), ..., ci(t)}
i;.(t) Electricity flow from grid i to grid j at time ¢
fe(t) =H{ i;(t)} € R® | Electricity flows of all power grids at time ¢
F€ = {f¢€(0),..., f¢(t)} | Electricity flow sequence of all power grids

Carbon intensity of all power grids at time ¢
Carbon intensity sequence of all power grids

DEFINITION 1. Carbon network. We use a directed graph G =
(V,8E, A) to represent a carbon network where V = vy, ..., v, is a set
of nodes, v; denotes a regional power grid, and |'V| = n. & is a set of
links, where directed link (v;,v;) indicates that gridv; will directly
import electricity from grid v;. We use a binary adjacency matrix
A € R™" 1o present the connectivity among the power grids.

We now introduce two features that are useful for our learning
model: (1) the carbon intensity sequence, a feature on nodes; and (2)
the electricity flow sequence, a feature on links. The history carbon
intensity sequence data and electricity flow sequence data are the
inputs of our learning model.

DEFINITION 2. Carbon intensity sequence. Recall that ci;(t) is
the carbon intensity of a power grid i at time t. We denote the carbon
intensity sequence of i as a vector ci(t) = {ci(0),...,ci(t)} € RY.
This is a time series data. The carbon intensity sequence of all power
grids at time t is denoted as a matrix CI = {ci(t)}.

DErFINITION 3. Electricity flow sequence. Recall that f;(r) is
the electricity flow from power grid i to j at time t. We denote the all
electricity flows of a carbon network at time t as a matrix f€(t) =
{Vvi, j, i;(t)} € RE. The electricity flow sequence of a carbon network
over a period of time t is denoted as a three-dimensional matrix

F€ = {£°(0),... fé(1)}.

The carbon intensity sequence is a two-dimensional matrix
since it is on a node i, yet the electricity flow sequence is a three-
dimensional matrix since it works on a link (i, j).

4.2 Problem formulation

Problem CFCG (Carbon intensity Forecasting for Cross-border
power Grids): Given the carbon network G = (V, &, A), histor-
ical carbon intensity sequence CI = {(ci(0), ..., ci(t)}, historical
electricity flow sequence F¢ = {f¢(0),..., f¢(t)}, learn a predic-
tive function y = f(G, CI, F¢), which infers the day-ahead carbon
intensity sequence of cross-border power grids.
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5 A GNN-LSTM-BASED CFCG MODEL

5.1 Overview

We developed a new CFCG model, see Fig. 3. CFCG consists of four
components. First, to capture the dynamics across diverse periods,
CFCG divides the data into multiple periods, i.e., hourly, daily, and
weekly. In our experiments, we will evaluate the granularity of the
periods. CFCG has a multi-periodic pattern encoding component
to perform a granularity-aware encoding on the input data. Second,
to learn spatial dependencies, CFCG adopts a GNN layer with a
specific embedding mechanism. Third, to learn the temporal de-
pendencies, CFCG adopts an LSTM layer to take the embedding
generated by the GNN layer as inputs, and outputs a high-level
representation. Fourth, to integrate the outputs and generate the
forecasting results, CFCG fuses the outputs of the LSTM layer using
a Hadamard product.

5.2 Multi-periodic Pattern Encoding

The carbon intensity variation has multi-periodic patterns [21]. We
propose to leverage multiple time granularites (e.g., hourly, daily,
and weekly) to model the temporal patterns. Similar techniques
have been used to predict city traffic [46, 47]. Specifically, each time
granularity is regarded as a period to sample the carbon intensity
data points. We can then generate a set of granularity-specific data
series. We define granularity-aware carbon intensity sequence and
granularity-aware electricity flow sequence.

DEFINITION 4. Granularity-aware Carbon Intensity Sequence.
Let CIP € RN*Tp be a granularity-specific carbon intensity sequence
with a period granularity of p (e.g., an hour), where N is the number
of power grids, and Ty, is the length of the carbon intensity series under

p.
For example, when p = day, T, is 24 times that of p = hour.

CI? = {ci?(0), ..., cif (t-1), ciP (), cif (t+1), ..., ci (T) } (p = hour)
CIP = {ciP(0), ..., cif (t—24), ci? (t), ciP (t+24), ..., ci’ (T) } (p = day)

Similarly, the granularity-aware electricity flow sequence is:

DEFINITION 5. Granularity-aware Electricity Flow Sequence
Let F&P € RMXTp pe q granularity-specific electricity flow sequence
with the period granularity of p (e.g., an hour), where M is the number
of links, and Ty, is the length of the carbon intensity series under p.

In this component, the multi-periodic pattern encoding takes the
granularity period p, the historical data of the carbon intensity se-
quence, and the electricity flow sequence as inputs and outputs the
granularity-aware carbon intensity sequence and the granularity-
aware electricity flow sequence.

5.3 GNN-based Spatial Dependency Learning

The spatial dependency of the carbon intensity of the nodes and
the spatial dependency of the electricity flows of the links are key
characteristics of the CFCG problem. We develop a GNN layer
based on graph attention networks [40] to capture such spatial
dependencies.

In the carbon network, nodes have physical restrictions. For
example, certain nodes only serve as exporters. If we treat all nodes
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Figure 3: Overview. We take the history carbon intensity sequence and electricity flow sequence as input and obtain the final

prediction result through our CFCG model.

as the same in the GNN layer, we observe that there can be noises.
As such, we develop a node-aware embedding mechanism with a
set of rules. Such embedding can effectively remove noises.

More specifically, we summarize three simple rules:

e The carbon intensity of a grid serving only as an exporter
will not be affected by neighboring grids..

e The carbon intensity of a grid serving only as an importer
will be affected by all neighboring grids.

e The carbon intensity of a grid serving as both importer and
exporter will be affected by the neighboring grids that export
electricity to it.

Note that in a GNN iteration, there is a node embedding op-
eration. More specifically, each node will aggregate the features
(i-e., carbon intensity sequence and electricity flow sequence) of
neighbor nodes by using learnable normalized attention weights.
As such, (Related to rule 1) For a node that is serving as only an
exporter, its embedding is based on itself; (Related to rule 2) For a
node that is serving as only an importer, its embedding is generated
by aggregating the features of all neighboring nodes, links, and
corresponding weight; and (Related to rule 3) For a node that is
serving as both importer and exporter, its embedding is generated
based on the features of neighboring nodes, links, and correspond-
ing weights except for the neighboring nodes that import from it
and related flows. Fig. 4 shows an example of the node embedding
process, where « is a learnable weight coefficient.

We would first like to briefly present the node embedding op-
eration. We leverage attention mechanism [40] to learn the node
embedding. Specifically, for each node i, the node embedding is
generated by the features aggregated from the neighboring nodes
and edges with corresponding weights. Let Nl.“” and 8?” be the
set of nodes and edges connected to node i, respectively; in partic-
ularly, node i is included in Nia”. For each node i, the neighboring

nodes set N; € Niall and neighboring edges set & C 8?” are
different when they conform to different rules. We first introduce
the neighboring nodes and edges definition for each rule. Then we
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demonstrate the node embedding calculation process based on the
defined neighboring nodes and edges.

For a node i that conforms to Rule 1, the node embedding is
calculated based on the exporter itself, and only the feature of the
exporter contributes to the embedding. Thus, we have the neigh-
boring nodes set N; = {i} and the neighboring edges set &; = 0.

For a node i that conforms to Rule 2, the node embedding is
calculated based on all the nodes and edges connected to it. Thus,
we have the neighboring nodes set N; = Ni“” and the neighboring
edges set &§; = 8?”.

For a node i that conforms to Rule 3, the node embedding is
calculated based only on nodes and edges that export to it. Thus,
we have the neighboring nodes set N; Nl.a” and the neighboring
edges set §; C 8?”.

With the neighboring nodes N; and neighboring edges E; now
defined, we can derive the node embedding based on the embed-
ding weights that are widely used in graph attention networks [40].
Specifically, we suppose that there are N; neighboring nodes and E;
neighboring edges for each node i. Let cif (t) = {cif(t), e ciii (1)}
and fl.e’P(t) = {fle’p(t), . ,f;i’p(t)} be the set of neighboring node

features and edge features, respectively. For each node i, the em-
bedding weight al.”j(t) is defined as follows:

exp(o(ag [Wacif (1) |Waet (1)])

Tken; exp(a(al [Waeil (1)[Weil (1))]))

ai”j(t) =

where W, is a learnable weight matrix that linearly transforms the
node features into high-level features, a, is the parameter vector
of a feed-forward network with a single layer, and o represents
the activation function. Similarly, the embedding weight of edge
k € &; to node i is defined as aiek(t), and we have:

exp(a(al [Wneif (DIWef{F ()])
Yjes, exp(o(al [Waeif (D[ Wef{F ()]))

o (1) =
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Input Graph

Node-aware Attention Input Graph

(a) Node serves only as an exporter

Node-aware Attention

(b) Node serves only as importer

Input Graph Node-aware Attention

(c) Node serving as both exporter and importer

Figure 4: (a) Illustration of the node-aware embedding of node n3. The embedding generation for a node serving as only as
an exporter is based on itself. (b) Illustration of the node-aware embedding of node n;. The embedding generation for a node
serving as only an importer is based on all neighboring nodes and edges. (c) Illustration of the node-aware embedding of node
n4. The embedding generation for a node serving as both importer and exporter is based on information from neighboring

nodes and edges that export to it.

where W, is a learnable weight matrix that linearly transforms
the edge features into high-level features, and a, is the parameter
vector of a feed-forward network with a single layer.

With the embedding weights a;'j (t) and aiek(t) learned, we can
derive the node embedding of node i, which is the concatenation
of the weighted neighboring nodes feature and edges features. Let
cNi‘;)V_ (t) and Eilé_ (t) be the weighted sum of neighboring nodes and
edgle features. We then have:

5i1,)\/i(t) =0(Wp - Z a?j(t)cif(t)), 4)
JEN;
and
i (1) = o(We - ) af(Of (1), 5)
ke&;

Finally, the node embedding Eif (t) of node i can be combined by a
concatenation operation ||:

cif (1) = (eif, (DlIeif, (1)) ©)

5.4 LSTM-based Temporal Dependence
Learning

Spatial dependency learning provides the representation of each
node integrated with the representation of the nodes and links in
the carbon network. We next learn the temporal dependency. We
leverage LSTM [15], a neural network that can successfully process
time series data, to learn the temporal dependency. Specifically,
there is a memory cell ¢; to store the observation of time step ¢,
and three gates are designed to control the state of the memory
cell: forget gate f;, input gate i; and output gate o;. Let x; be the
input, and the LSTM function LSTM(x;) can be defined as:s

LSTM(x;) = 0 © ¢(cy), (7)

where ¢(+) is a tangent function, ¢; = f; ©® ¢;—1 + iy © ¢, and ©
denotes the operation of product.

For the hourly carbon intensity sequence, the input of the LSTM
network is defined as Cly, = {ci (0), ..., ci (1), e’ (t+1),...,¢i’ (Tp)}.
The output of the LSTM network is defined as

yj, = LSTM(CI;) 8)
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For the daily carbon intensity sequence, the input of the LSTM
network is defined as Cly = {ci’ (0), ..., i’ (t), ci’ (t+24), ..., ¢i’ (T,)}.
The output of the LSTM network is defined as

y/, = LSTM(Cl,) )

For the weekly carbon intensity sequence, the input of the LSTM
network is defined as CI,, = {gip(O), .. .,c~ip(t),c~ip(t+168), . ..,c~ip(Tp)}.
The output of the LSTM network is defined as

y,, = LSTM(CI,,) (10)

5.5 Multi-periodic patterns Integration

In this part, we will discuss how to generate the final prediction
result. We develop a gating mechanism [11] to fuse representations
with different granularites. Specifically, we generate the final pre-
diction result Y’ by the Hadamard product ®. After learning the
temporal dependence of carbon intensity with LSTM, we can obtain
the predicted future carbon intensity in three granularities: hourly
representation y;l, daily representation y('j, and weekly representa-
tion y,. Then, we can integrate them to obtain the final prediction
result as follows:

Y =W,oy, + Wy 0y, + Wy oy, (11)

where Wy,, Wy, and W,, are learnable parameters for different granularity-
aware representations, reflecting the weight of the three compo-
nents on the forecasting target.

6 EVALUATION
6.1 Evaluation Setup

In this section, we present the evaluation of our CFCG model with
the following research questions.

RQ1: How does CFCG perform when compared with state-of-
the-art day-ahead carbon intensity forecasting techniques?

RQ2: How do our designs in the key components contribute to
the performance of CFCG?

RQ3: What explainable patterns does CFCG capture during car-
bon intensity forecasting?

RQ4: The CFCG model applies a carbon intensity accounting
method as a building block. How does the carbon intensity account-
ing component affect our CFCG model?
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Table 4: Performance comparison of all approaches on datasets of 28 countries in terms of MAE, RMSE, and MAPE (based on

lifecycle emission factors).

. Countries
Methods | Metric | ——pp— 35—y oy ¢z DE DK EE B W TR OR HR HU
MAE | 3602 3468 2095 11025 20.64 3260 39.16 4577 6874 2516 1255 950 39.43 3430 2099
DACF RMSE | 4882 4328 2701 14356 27.89 39.80 5494 5740 8600 32.57 17.38 1292 52.91 4320 2645
MAPE(%) | 2407 1961 553 5906 344 800 1131 2520 2533 1495 1021 1877 1137 1443 9.10
MAE | 2402 2734 2342 607 208 2732 4239 3677 403 2787 1602 896 4744 3428 2113
TSBP RMSE | 3232 3482 2957 8115 27.96 3452 5502 4668 5354 3541 2043 1206 59.47 4242 2641
MAPE(%) | 17.83 1516 490 4549 397 601 1158 1853 1317 1444 1275 1650 1173 1275 751
MAE | 2392 2873 2693 6562 2188 2738 4781 3727 4275 2812 1600 935 5568 3471 2223
HCMF RMSE | 3257 3591 3375 8679 28.94 3472 5954 4704 5438 3572 2094 1238 67.69 4291 27.66
MAPE(%) | 1658 1585 586 4685 3.65 612 1276 1837 1387 1416 1154 1694 1321 1243 751
MAE | 2593 3242 2082 4957 2734 2601 5145 4494 4596 26786 1316 956 5300 2571 1937
CCAC RMSE | 3634 4242 2820 5120 4120 3513 6838 5871 6374 3490 1870 13.23 7026 34.15 25.25
MAPE(%) | 1882 1845 564 4452 464 682 17.00 2354 1673 1689 1004 1840 1511 1167 843
MAE | 2413 2856 2386 4590 2194 2548 4678 3622 3682 2655 1246 019 4520 2833 2153
CCAC-LSTM | RMSE | 3253 3577 3042 81.88 28.89 3299 5896 4591 5073 3378 1696 1212 59.19 3615 27.24
MAPE(%) | 1913 1760 546 4062 366 657 1460 1946 1299 1582 1065 1875 1322 1167 9.49
MAE | 22.92 2621 1927 28.16 2326 23.05 3851 3457 3524 1994 1171 7.96 4172 2340 1633
CFCG RMSE | 31.93 3454 2566 3937 3261 30.37 5479 44.82 49.95 2684 1597 1116 5521 31.05 21.19
MAPE(%) | 1657 1505 475 2970 393 597 1091 1694 1248 12.67 886 1474 1156 10.34 7.06
. Countries
Methods Metrie E IT LT LV NL NO ©PL PT RS RO SE SI SK  AVERAGE
MAE | 5359 2643 7414 5871 3331 1011 4163 4006 3648 3028 680 4021 4500 3741
DACF RMSE | 76.12 3372 9165 7399 4544 1942 5179 5224 47.12 3940 897 4817 5286 4839
MAPE(%) | 1603 850 4695 2466 7.1 2081 657 2388 738 942 12890 3109 16.17 17.57
MAE | 8427 2776 6267 7676 3209 1011 386 4093 4911 3212 1013 4096 2633 3538
TSBP RMSE | 10676 3456 7868 9181 4391 17.07 49.56 5249 6034 4097 1291 5122 32.97 45.15
MAPE(%) | 2413 737 3935 3152 706 2313 571 2280 783 946 1935 2250 9.29 15.78
MAE | 8824 2829 6485 7580 3337 1043 3992 4014 6412 3361 1017 4323 27.68 3744
HCMF RMSE | 109.81 3568 8079 9107 4480 17.05 50.67 53.89 80.62 4272 12.80 5229 34.41 4734
MAPE(%) | 2464 748 4150 3096 708 2353 579 2276 1141 957 1905 2542 937 16.22
MAE | 10644 2332 6150 4497 42.69 952 4502 49.09 3304 3578 585 2494 2408 35.01
CCAC RMSE | 13995 3059 8636 6113 57.18 1976 6170 6530 4493 47.17 850 3406 31.71 4679
MAPE(%) | 3579 792 3677 1953 905 2242 752 3091 684 1170 1060 1502 9.7 16.44
MAE | 9084 2346 6030 4477 3350 932 3929 4068 37.67 33386 706 2645 2471 32.88
CCAC-LSTM | RMSE | 11170 3008 77.70 5801 44.83 17.10 49.99 5235 4813 4219 927 3315 3139 42.48
MAPE(%) | 27.09 780 3617 1806 7.1 2123 634 2523 755 1026 1397 1967 943 1535
MAE | 8410 20.67 51.96 39.33 32.09 8.38 3445 37.26 32.83 29.28 534 2228 23.09 2833
CFCG RMSE | 9802 26.64 69.67 5209 43.70 1585 4587 50.18 43.13 38.63 7.56 29.59 29.68 37.72
MAPE(%) | 2266 697 2930 1747 695 19.89 561 2274 676 940 9.64 13.68 9.2 12.92

Data Description. To evaluate the performance of CFCG, we
use the real-world electricity dataset from the cross-border power
grids of the European Network of Transmission System Operators
for Electricity’s (ENTSOE’s) transparency platform [37]. The data
is comprised of hourly electricity production data and cross-border
electricity flow data from 2019 to 2021. The data of 28 countries
are included. For the sake of brevity, we present the abbreviation
of countries in Append A.

Evaluation Metrics. We adopt three commonly used metrics:
(1) Mean absolute error (MAE): MAE = % xn |y,~ - y:| (2) Mean

Absolute Percentage Error (MAPE): MAPE = % >rn |%‘ (3) Root

Mean Squared Error (RMSE): RMSE = |+ 3™ |y; — yl’l

Carbon Intensity Ground Truth. As discussed, the carbon
intensity cannot be directly measured. Different carbon intensity
accounting methods are used to estimate the ground truth of carbon
intensity. In this paper, we apply three methods[27, 31, 36]. We
use [27] as our baseline ground truth and we show its detailed
computation in Appendix B. We will evaluate the impact of different
ground truths on our CFCG model.

Training and Testing. We use the first 60% of the data as the
training set, the next 20 as the validation set, and the remaining 20%
as the test set. Our model is trained using the RMSprop Optimizer
[30]. To prevent overfitting, we employ early-stopping and model
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checkpointing techniques. To maintain the forecasting accuracy,
we re-train our model every three months.

Baselines. We compare our CFCG model with the following:

DACEF [21]: DACF is a state-of-the-art forecasting scheme for
regional grids. DACF establishes a DNN model for each energy
source and then calculates the averaged carbon intensity. It does
not consider spatial dependencies to forecasts for regional grids.

TSBP [29] and HCFM [18]: TSBP and HCFM are schemes that
estimate the historical and current carbon intensities using one-
hop carbon intensity accounting. Then TSBP then applies an LSTM
model to forecast the carbon intensity of the grid, whereas HCFM
develops a hybrid model based on linear regression, splines, and
ARIMA to forecast the carbon intensity of the grid.

CACC and CCAC-LSTM: CCAC is the carbon intensity account-
ing scheme in [36]. We use the carbon intensity of the current time
as the forecasting result of the next time slot. CCAC-LSTM (de-
scribed in Section 3) enhances CACC with an LSTM model, i.e., the
LSTM model will be trained by being given the historical carbon
data of CACC.

6.2 Performance Results (RQ1)

We compare the performance of CFCG with five baselines. Table 4
shows the results in terms of MAE, RMSE, and MAPE, where the
best-performing method is highlighted in bold font.
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Figure 5: The points in the scatter plot represent the performance of each model on the countries. Forecast errors are higher in
countries with larger proportions of electricity imports and generation.

Overall, CFCG outperforms existing schemes DACF, TSBP, HCMF,
and CCAC by at least 18.12%. More specifically, CFCG achieves an
average improvement of 26.46% (from 17.57% to 12.92%), 18.12%
(from 15.78% to 12.92%), 20.34% (from 16.22% to 12.92%), and 21.41%
(from 16.44% to 12.92%) in MAPE. Even compared to CCAC-LSTM,
we see an improvement of 15.83% (from 15.35% to 12.92%). On av-
erage, CFCG not only outperforms previous models, but we also
observe that CFCG outperforms TSBP, HCMF, CACC, and CCAC-
LSTM in all countries. The only exception is that DACF outperforms
CFCG in Cyprus, Ireland, and Greece, where regional grids domi-
nate. CFCG inherits the features of existing models and captures
new features. Thus, CFCG can steadily outperform other models.

Fig. 5 shows forecasting errors as a function of the ratio of elec-
tricity imports (0 to over 200%). Each dot represents a country
and different countries have different import ratios. We see that
forecasting errors increase as electricity imports increase. This is
because the difficulty of forecasting increases when more dynam-
ics are involved. We can also see that our CFCG model not only
outperforms all other schemes, but that our errors also increase
more slowly in comparison to the increase in the electricity import
ratios. DACF, TBSP, and HCFM perform better than CACC and
CACC-LSTM when the electricity import ratio is small. Clearly,
these schemes perform well when a regional grid dominates. When
the electricity import ratio increases, the performance of CACC
and CACC-LSTM improves.

6.3 Model Ablation Study (RQ2)

We now evaluate our designs in two key components of CFCG
through an ablation study, the granularity-aware encoding compo-
nent and the node-aware embedding mechanism.

The Granularity-Aware Encoding Component: We study
the impact of the granularity in the temporal patterns on the carbon
intensity forecasting results. We examine four configurations on
the granularity period g of the CFCG model:

e CFCGy, : g € {hour}

e CFCGpq : g € {hour,day}

o CFCGy,,, : g € {hour, week}

e CFCGp g+ : g € {hour,day, week}
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The results are displayed in Fig. 6. CFCGy, 4 ,, shows consistently
better performance than the other configurations. CFCGy, 4 ,, out-
performs CFCGy, by 11.07% (from 12.92 % to 14.35 %) in MAPE. This
demonstrates that our design in integrating multiple time granular-
ites into our CFCG model benefits the learning process. CFCGp, 4
is slightly better than CFCGy, ,, possibly due to finer-granularity.
Overall, capturing temporal patterns in multiple granularities im-
proves the performance of the model.
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Figure 6: Effect of multi-granularity dynamics in terms of
MAPE, MAE, and RMSE.

The Node-aware Embedding Mechanism: We study the im-
pact of our node embedding mechanism, (i.e., we embed different
types of nodes according to different rules) on the carbon inten-
sity forecasting results. We compare CFCG with a simplified CFCG
model CFCG,yp, by removing the node-aware embedding mecha-
nism (i.e., removing the three rules). Fig. 7 shows the errors. We
see that the averaged forecasting error with and without the node-
aware embedding mechanism is comparable. This indicates that,
on average, the level of noise is not high. However, we observe that
in certain countries, the presence of the node-aware embedding
mechanism can lead to a more significant impact. Fig. 8 shows
that the node-aware embedding mechanism improved forecasting
results in Sweden and the Czech Republic by 12.76% and 13.07%.
When we investigate the data in detail, we see that the hourly
electricity outflow of Sweden and the Czech Republic during the
period 2019-2021 was 4185.95 MW and 2682.14 MW respectively,
accounting for 23.21% and 29.29% of their electricity generation.
Thus, the node-aware mechanism has a greater impact.
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Figure 7: The forecasting error with and w/o node-aware
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Figure 8: The forecasting error with and w/o node-aware
embedding mechanism (NEM) on selected countries.

6.4 Explainable patterns learned (RQ3)

We attribute the performance improvements of CFCG to its ability
to learn the spatial dependencies and temporal dependencies. We
now visualize that CFCG has indeed learned these dependencies.

Spatial dependency learned. In Fig. 9 we illustrate the ground
truth of the carbon intensity of the countries in the cross-border
grids and the forecasting results in a spatial dimension. We illus-
trate the first two days in the testing data. We use color to show
the ground truth, i.e., the darker the color, the greater the carbon
intensity; and we use the size of a circle to show the forecasting
results, i.e., the larger the circle, the greater the carbon intensity.
We can see that the pattern of our forecasting results matches the
ground truth in the spatial dimension.

Date: 09.02.2021 Date: 10.02.2021

0 Carbon Intensity (g/kWh) N 400
Figure 9: The spatial dependency learned by CFCG.

Temporal dependence learned. In Fig. 10 we illustrate the
ground truth of the carbon intensity of the countries in the cross-
border grids and the forecasting results in a temporal dimension.
We show two randomly selected countries Sweden and Hungary.
We can see that the pattern of our forecasting results matches the
ground truth in the temporal dimension.
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Figure 10: The temporal dependency learned by CFCG.

6.5 Performance Results under Alternative
Ground Truths (RQ4)

As discussed previously, carbon intensity cannot be directly mea-
sured and different carbon intensity accounting methods are used
to calculate the ground truth of carbon intensity from historical
data. In our paper, we apply a direct coupling scheme in [27] to esti-
mating the ground truth of carbon intensity. We now examine two
alternative approaches to estimate the ground truth of the historical
carbon intensity: the direct coupling approach [36] and the aggre-
gate coupling approach [31]. We implement the two approaches to
calculate two new ground truth datasets for carbon intensity. We
show the results in Appendix Table 6). We see that the performance
results remain the same across different ground truths. For exam-
ple, CFCG achieves an average decrease of 19.80% (from 16.01%
to 12.84%), 18.58% (from 15.77% to 12.84%), 21.65% (from 16.39% to
12.84%), 26.07% (from 17.37% to 12.84%), and 14.57%(from 15.03% to
12.84%) in MAPE compared to the DACF, TSBP, HMCF, CCAC, and
CCAC-LSTM models based on Ground Truth 2. Intrinsically, our
model is a learning model and it will not be affected by the ground
truth of carbon intensity. This is confirmed in Appendix C.

7 CONCLUSION

In this paper, we studied day-ahead carbon intensity forecasting in
the context of cross-border power grids. In cross-border power grids,
the total carbon emissions of a local grid will not only carry the
carbon emissions of its own grids (or its adjacent neighbor grids)
but also carry the carbon emissions of the member grids in the
cross-border grid. Current forecasting studies have yet to take this
factor into their learning model. We showed that ignorance can lead
to forecasting errors. We also showed that even we first estimate
the carbon intensity of cross-border grids and use such history
data to perform a learning using existing methods, e.g., LSTM,
there can still be non-trivial errors. From the perspective of carbon
intensity forecasting, cross-border power grids have both spatial
and temporal dependencies in the carbon flow among member
grids, and we need new designs to appropriately capture such
dependencies. We developed a new learning model with embedded
layers based on GNN and LSTM, learning the spatial and temporal
dependencies, as well as designs of multi-periodic pattern encoding
and node-aware embedding. We evaluated our model through the
real-world data of the cross-border power grids in Europe with 28
member countries and the results showed that our model is effective
in improving forecasting errors.
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A APPENDIX A

Table 5: Country Abbreviations

Abbreviation | Country | Abbreviation Country
AT Austria HU Hungary
BE Belgium IE Ireland
BG Bulgaria IT Italy
CH Switzerland LT Lithuania
CY Cyprus LV Latvia
(ov4 Czech NL Netherlands
DE Germany NO Norway
DK Denmark PL Poland
EE Estonia PT Portugal
ES Spain RS Serbia

FI Finland RO Romania
FR France SE Sweden
GR Greece SI Slovenia
HR Croatia SK Slovakia

B APPENDIX B

Carbon Intensity Accounting. Carbon intensity in a power grid
cannot be directly measured. We now briefly present the detailed
calculation of carbon intensity accounting. We follow [27] and [36].
Both apply the direct coupling scheme. In what follows, we first
present the detailed calculation of [27]. Then we discuss [36], where
different emission factors are used in different countries.

The total electricity of N regional power grids is represented as
a 1 by N vector x whose element can be calculated by Eq. 12.

N

(4

xi=Ei+ ) ff
=

Where E is the 1 by N vector and E; represents the electricity
generation of grid i. f€ is an N by N matrix. The element fl‘; of the

(12)

matrix f€ refers to the exchange of electricity from grid i to grid j.

The amount of carbon emitted by all power grids is represented
asa 1by N vector ¢*. The element ¢} of ¢* refers to the total carbon
emitted in the power grid i, including local generation amount of
carbon emissions embodied in the importing of electricity, as in Eq.
13.

N
= c? + Z bj,-c;c (13)
j=1
where B is an N by N coeflicient matrix, which captures the differ-
ent shares of electricity exchanged in relation to total electricity.
The element b;; of B can be calculated by f;‘; /xis c? is the amount
of carbon emissions generated by the local production of electricity
in power grid i, which can be calculated using Eq. 14.

n

g _ k _ rk
ci—ZEief
m:

=1

(14)

where k denotes a specific energy source, ef’ k is the emission factor
of energy source k (see Table 1), and E{‘ is the electricity generated
by source k in power grid i.
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The Eq. 13 can be rearranged as Eq. 15, which is represented by
vectors and matrices.

F=c9+c*B=c9(I-B)"!

(15)
where I is an identity matrix.

Finally, the carbon intensity ci of cross-border power grids can

be calculated using Eq. 16 according to the definition of the carbon
intensity of electricity.
- (16)
where X is the diagonal matrix of x, and ci is a 1 by N vector
that represents the carbon intensity of all N grids when electricity
exchanges are taken into consideration.

In [36], it is observed that different generation technologies are
used in different countries, leading to different emission factors for
different countries. To capture this, Eq. 14 can be rewritten as

n
g _ k _ rk
¢ = E Efef;
m=1

where ef’ i‘ is the emission factor of energy source k in country i.

ci=c*x

(17)

C APPENDIX C
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Table 6: Performance results (in MAPE (%)) under three different carbon intensity accounting methods, representing three
ground truth (Ground Truth GT1, GT2, GT3).

Countries
Methods | Ground Truth | —r——pp— 55—y Yy <z DE DK EE ES F FR_COR HR HU
GT1 2407 1961 553 5906 3.44 800 1131 2520 2533 1495 1021 1877 1137 1443 910
DACF GT2 1890 1748 589 7324 212 7.0 973 2288 2163 983 843 1192 7.90 1385 834
GT3 1796 1615 486 7444 244 608 892 2182 2171 890 825 1093 7.73 1213 8.14
GT1 1783 1516 490 4549 397 601 1158 1853 1317 1444 1275 1650 1173 1275 751
TSBP GT2 1791 1521 489 4898 321 572 1165 1856 1424 1420 1281 1634 1168 1297 7.65
GT3 1780 1511 481 4588 338 595 1145 1880 1336 1472 1301 1648 1136 1258 7.37
GT1 1659 1586 587 4686 365 612 1277 1833 1387 1417 1154 1695 1321 1243 751
HMCF GT2 1612 1690 592 4837 312 631 1210 1634 1263 1655 1091 1544 1672 1193 852
GT3 1847 1455 532 4588 266 603 1310 1455 1388 1521 924 1321 1455 1088 7.51
GT1 1882 1845 564 4452 464 682 1709 2354 1673 1689 1004 184 1511 1167 843
CCAC GT2 2390 17.88 899 4531 517 823 2229 3140 17.76 1655 1226 2136 1580 1613 8.54
GT3 2280 1711 812 4656 7.8 9.05 2124 3263 2183 1455 1327 2292 1366 1633 10.07
GT1 1913 1769 546 4062 366 657 1460 1946 1299 1582 1065 1875 1322 1167 949
CCAC-LSTM GT2 1838 1694 574 4789 391 584 1181 1866 1224 1510 994 1796 1251 1092 878
GT3 1853 1716 587 4290 408 582 1201 1882 1227 1517 1005 1807 1264 1099 8.84
GT1 1657 1505 475 2970 39. 597 1091 1694 1248 12.67 886 1474 1156 1034 7.06
CFCG GT2 1562 1550 4.96 37.86 422 563 945 1841 13.10 13.32 898 1511 1091 1100 7.69
GT3 1582 1559 449 37.85 401 586 950 1822 1291 13.28 821 14.98 1131 10.53 7.26
Countries
Methods | ground truth | — IT LT IV NL NO PL PI RS RO SE SISk AVERAGE
GT1 1603 850 4695 2466 711 2081 657 2388 738 942 1289 31.09 1617 1757
DACF GT2 1298 761 3957 2443 523 27.25 434 1569 7.6 887 1329 2695 16.14 16.01
GT3 1227 775 3597 2249 531 2874 414 1464 620 486 1230 2597 1520 15.24
GT1 2413 737 3935 3152 706 2313 571 2280 783 946 1935 2250 929 15.78
TSBP GT2 2405 705 3889 3243 609 2345 481 2212 794 847 1942 2263 826 15.77
GT3 2419 677 3432 2713 587 2342 483 2191 796 859 1934 2254 843 15.26
GT1 2465 748 4150 3096 708 2354 579 2276 1141 957 1905 2542 937 16.22
HMCF GT2 2528 863 4421 3294 652 2869 572 1671 1081 942 1825 2418 9.54 16.39
GT3 2345 721 4055 3154 579 2674 505 1925 975 865 17.88 2456  8.89 15.51
GT1 3579 792 3677 1953 905 2242 752 3091 684 1170 1060 1502 972 16.44
CCAC GT2 3883 977 3029 1459 927 2512 971 2953 624 1630 9.80 1440 9.6 17.37
GT3 3873 1094 3209 1483 859 1935 872 2879 772 1481 1185 1462 1296 17.90
GT1 2700 780 3617 1806 7.11 2123 634 2523 755 1026 1397 1967 943 1535
CCAC-LSTM GT2 2635 706 3741 1935 637 2051 556 2448 683 952 1325 1890 867 15.03
GT3 2640 712 3740 1935 644 2254 556 2447 688 974 1336 1911 8583 15.02
GT1 2266 697 2030 1747 695 1989 561 2271 676 940 9064 1368 922 12.92
CFCG GT2 1758 694 3116 18.25 594 2021 436 1539 7.07 837 954 1490 8.10 12.84
GT3 1719 647 3032 17.60 544 2044 470 1541 7.46 841 9.66 1452 8.23 12.70

373



	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Cross-boarder Power Grids
	2.2 Carbon Emission and Carbon Intensity Forecasting
	2.3 Related Work

	3 Motivation
	4 Problem Statement
	4.1 Carbon Network Modeling
	4.2 Problem formulation

	5 A GNN-LSTM-based CFCG Model
	5.1 Overview
	5.2 Multi-periodic Pattern Encoding
	5.3 GNN-based Spatial Dependency Learning
	5.4 LSTM-based Temporal Dependence Learning
	5.5 Multi-periodic patterns Integration

	6 Evaluation
	6.1 Evaluation Setup
	6.2 Performance Results (RQ1)
	6.3 Model Ablation Study (RQ2)
	6.4 Explainable patterns learned (RQ3)
	6.5 Performance Results under Alternative Ground Truths (RQ4)

	7 Conclusion
	Acknowledgments
	References
	A Appendix A
	B Appendix B
	C APPENDIX C

